On load tap changing (OLTC) transformer has become a vital link in modern power systems. It acts to maintain the load bus voltage within its permissible limits despite any load changes. This paper discusses the effect of different static loads namely; constant power (CP), constant current (CI) and constant impedance (CZ) on the maximum power transfer limit from the generation to the load centre through the OLTC branch and in turn on the static stability margin of power systems. Then the paper introduces a novel approach for the on-line determination of the OLTC settings using artificial neural network (ANN) technique in order to improve the power transfer capability of transmission systems. The proposed approach is tested on a sixbus IEEE system. Numerical results show that the setting of OLTC transformer in terms of the load model has a major effect on the maximum power transfer in power systems and the proposed ANN technique is very accurate and reliable. The adaptive settings of OLTC improve the power transfer capability according to the system operating condition.
Introduction
Modern power systems are being stressed with the continuous growth of load requirements. Power system operator should ensure the quality and reliability of supply to the loads by maintaining the load bus voltages within their permissible limits. The power transfer from generators to load centers affects load bus voltages. In addition to restoring the load, OLTC also extend the power transfer ability to the load center (Zhu et al., 2000) . It is well known that the operation of OLTC has a significant influence on voltage stability. Most literature has concentrated on the contribution of OLTC to voltage stability (Tylor 1994 , Afzalian et al. 2008 . The power transfer capability is measured by the margin from a base case operating point to the operation-limiting boundary, measured along the load growth trajectory. The static load models have an impact on the power transfer capability from generating station to the load center and thus on the static stability margin of power systems , Feng et al. 2004 . The paper considers first the effect of different static load models namely; constant power (CP), constant current (CI) and constant impedance (CZ) load models on the power transfer limits to the load centre. Then the paper presents a novel approach for evaluating the on-line optimal settings of OLTC transformer that corresponds to the maximum power transfer to the load and hence to improve the static stability limits using artificial neural network (ANN).
Effect of OLTC Setting on Power Transfer
Assume the simple power system shown in Figure 1 Equation (1) can be re-written as below:
Equating real parts in both sides,
Equating imaginary parts in both sides and substituting for V i from (3), 
This solution is subject to:
From equation (6), one can conclude that there is a limit to the power transfer to the load depends on the degree of compensation, OLTC setting and load bus voltage. Figure 2 shows the effect of OLTC tap ratio on the maximum power transfer for compensated and uncompensated load (X c =10 pu. and X c =∞ respectively). For both cases the maximum power transfer limit is increased by increasing the tap ratio. Once the optimal power is reached (0.5 pu. in case of uncompensated load and 0.56 pu. in case of compensated load) the power slightly decreases with the increase of tap ratio. It should be noted that for the compensated load, the power is dramatically increased when the resonant case is reached ( Figure 3 shows the PV curve for the uncompensated load for different tap ratios. The figure shows that the maximum power limit is constant and equal 0.5 pu. in all cases. The PV curves in Figures 4 and 5 show that the maximum power transfer limit to a compensated load can be increased by either increasing the tap ratio of OLTC or by increasing the degree of compensation. The power increase is attributed to the fact that the OLTC tap settings allow the match between the network impedance and the reflected compensated load impedance. 
Then equation (1) can be re-written as:
Equating imaginary parts and substituting for V i
(13) Figure 6 . Effect of OLTC on power transfer to the CI load Figure 6 shows the effect of OLTC tap ratio on the power transfer limit to constant current load. The maximum power transfer limit is increasing with the increase of the tap ratio. When the maximum limit is reached (0.5 pu. in case of uncompensated load and o.62 pu. in case of compensated load), the power is decreasing with the increase of tap ratio. The shunt capacitor increases the power transfer limit and shifts the optimal setting of OLTC to a higher value.
Constant Impedance (CZ) Load:
For constant impedance load;
Equating the real parts in both sides,
Equating imaginary parts,
(18) Figure 7 shows the effect of OLTC tap ratio on the power transfer limit to constant impedance load. Again, the power is increasing with the increase of OLTC tap ratio till the optimal power is reached then the power is decreasing with the increase of tap ratio. The optimal power in case of uncompensated load (X c = ∞) is 0.5 pu. corresponding to 1.72 tap ratio. However, the maximum power for a compensated load (X c = 10 pu.) is 0.62 pu. corresponding to 2.1 tap ratio. It should be noted that in all load models (CP, CI and CZ) the power transfer limit is increased by increasing the degree of compensation i.e. decreasing the value of X c . When the load power cannot be met with the increasing compensation degree, the power can be increased by increasing the OLTC tap ratio. Figure 8 shows a one-line diagram of the IEEE 6-bus test system. The system consists of 6-nodes, 7 lines, two OLTC transformers, two generators and four loads (Tamura et al. 1993 ). The two OLTCs are varied one at a time, during the calculation of the maximum power transfer to the load centers. The results obtained using the conventional methodology cover a wide range of operating conditions. A sample of the simulation results is shown in Figures 9-14 . These results are presented to explore the effect of both OLTC settings and the load model on the maximum power transfer. Figures 9-11 show the relation between the power transfer to the three load buses (1, 2& 4) and the transformer tap ratio n under loading condition P L = Q L = 0.35 pu.(pf= 0.707 lag), for the three different load models (CP, CI & CZ) . From these figures, it can be seen that the optimum value of n and the corresponding maximum power transfer to the loads are different for the three load models. Figures 12-14 present similar results at another loading condition P L = 0.8 pu. and Q L = 0.13 pu. (pf = 0.987 lag). It can be seen from these figures that the maximum power transfer limit is higher at this operating condition than the previous case and the OLTC setting n 1 has a strong effect on the load at bus #1 while the OLTC setting n 2 has a stronger impact on the load at bus #2. On the other hand, the OLTC setting n 2 has a unique correlation and effect on the load at bus #4. These figures prove that the power transfer limit is affected by the OLTC setting for all load models. Also, Results show that before the reverse points are reached, the upward of OLTC operation increases the maximum power transfer to the load centre. Also these results give an indication that the maximum point of power transfer and thus the levels of these powers are different for different load models. It must be noted here that, in the constant impedance (CZ) load model, the nonlinear load behavior is very sensitive to any system variation near to the static stability limit. That can be depicted from the sharp peaks indicated on Figures 10 and 14. In case of constant power (CP) load model, the load power is constant however, the power transfer to the load bus through the OLTC branch is maximized and the other shares through other branches are varied. 
Determination of OLTC Setting using ANN
Owing to the fast development in computing systems, application of intelligent systems such as artificial neural network (ANN) and fuzzy logic have paid a great attention in power system applications (Abu-Siada et al. 2009 , Nor et al. 2003 . Fuzzy logic needs a prior experience about the system to enable designing fuzzy logic rules based on the input output behaviors. ANN is selected in this paper because of its capability of learning a tremendous variety pattern mapping relationships without having prior knowledge of a mathematical function. ANN is able to handle complex non-linear problems and it overcomes the complex tedious calculation problems. The enhancement of power transfer and voltage stability can be achieved in real-time using the proposed method without any additional cost involved for installing capacitor banks and the related switches (El-Keib et al. 1999) . The developed ANN model can be implemented using the currently available neural chips. The main drawback of ANN is the extensive training data required to ensure the reliability of the network. Figure 15 . Typical ANN architecture model
Topology of the ANN:
The proposed ANN scheme uses a multi-layer feed-forward ANN which consists of an input layer, a hidden layer and an output layer as shown in Figure 15 (El-Sharkawi 1991, Kashem et al. 2001) .
Input layer:
Appropriate selection of input variables is the key to the success of the ANN application. Usually heuristic knowledge is required in choosing the appropriate variables. The power transfer from generation to the load centre is mainly concerned with the transformer OLTC settings. The optimal setting of the OLTC is affected by the load level. Therefore, these loading conditions are chosen as inputs to the ANN. These inputs are the load active and reactive power in addition to the generation active and reactive power at each bus in the system.
Hidden layer:
The computational power of the ANN increases with the addition of hidden layers. There are no general guidelines to determine the number of hidden layers and number of neurons per layer. Many applications have proved that ANN with single hidden layer has sufficient capability of capturing complicated relations between input and output variables. In this paper, one hidden layer with five neurons was found satisfactory for estimating the optimal transformer OLTC settings.
Output layer:
Determination of the output layer is quite forward. Two output neurons were used for setting the OLTC of the two transformers. The sigmoidal transfer functions have been used for all the neurons as they are suitable for any nonlinear mapping of input-output combinations because they have noise immunity for low inputs, normal outputs for middle range inputs and saturation for large inputs. Appropriate scaling of the input and output variables were carried out in the (0, 1) range.
Training Scenario:
The scenario of the training process was started by initiating the ANN topology; i.e. the number of input nodes, the number of hidden layers, the number of neurons in different hidden layers, the number of neurons in the output layer, the type of hidden and output activation functions, and the number of presentation cycles (epochs). It must be noted, that, by adjusting the number of hidden layers and the number of simulated neurons within each layer, the performance of an ANN can be either enhanced or degraded. There are no general guidelines for a priori knowledge of which ANN architecture would perform the best for a given application. The researchers have experimented with different architectures to find out the most suitable configuration. The results obtained from the digital simulation of the system in Figure 8 were used in training and testing the proposed ANN. Back-propagation algorithm was used to train the proposed ANN using 100 training patterns with a learning rate of 0.96. The Neural Network toolbox in MATLAB is used to implement the proposed ANN. The network weights and biases initialized using random values. During training, the weights and biases are adjusted to minimize the error between the network outputs and the targets. It has been found from the simulation results that the OLTC settings and the corresponding maximum power transfer to load centers are varying with the load type. Therefore, different ANNNs have been trained for different load models.
Testing Scenario:
For validating the ANN performance the scenario of the testing process is started once the training process is completed and a set of new input variables which were not used for training the ANN model are applied to the designed ANN. The proposed method has been applied to the system shown in Figure 8 
Results and Discussions
The three load models under consideration are tested on different operating conditions. The transformers turns ratios are varied one at a time. The results in Table 1 have been obtained for the constant power (CP) load model. The table shows that the maximum testing absolute errors are: 5.06% (n 1 ) & 5.623% (n 2 ). Similarly, Tables 2 & 3 show these errors for the constant current (CI) and the constant impedance (CZ) load models, respectively. The maximum errors obtained in this case are: 6.0% (n 1 ), 3.94% (n 2 ) and 3.66% (n 1 ), 3.49% (n 2 ), respectively. Also tables present the average and the standard deviations for the three different load models. These deviations are: 1.092/1.731 (n 1 ), 1.762/2.215 (n 2 ) for CP load; 1.499/2.375 (n 1 ), 1.275/1.636 (n 2 ) for CI model; and 1.66/1.474 (n 1 ), 0.825/1.19 (n 2 ) for CZ model. From these results, it can be seen that the CP load and the CI load models have nearly the same error level. While, the CZ load model has the less error level. The ANN is efficient for the prediction of the optimal value of transformer turns ratio settings corresponding to the maximum power transfer to the load centre.
Conclusions
An efficient method for the on line prediction of OLTC transformer settings giving maximum power transfer to the load centre is analysed. The proposed technique has been tested on the IEEE Six-bus power system. Numerical results show that the operation of OLTC transformer has a major effect on the maximum power transfer and thus on the static stability margin. Static load models such as constant power, constant current and constant impedance have a great effect not only on the maximum power transfer but also on the optimal settings of transformer OLTCs. The Artificial neural network (ANN) proved to be an efficient tool for the prediction of the optimum value of OLTC transformer settings corresponding to the maximum power transfer. The developed ANN model can be implemented using the currently available neural chips. 
